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Image of a crime suspect is captured by a first responder or a
police vehicle

402
Transmit captured image to Al system

404

Analyze one or more social identity information of the crime

suspect using the Al system
406
Automatically generate action guides/instructions for an initial
response to the crime suspect

408

Display the generated action guides/instructions to the first
responder 410

FIG. 4
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Gather empirical data on human behavior

502
Formulate objective representations of the human behavior
504
Integrate various policies from various fields

506
Program machine learning algorithms

508
Test assumptions and validate models

510

Refine and improve the models
512

FIG. 5
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Train Al systems to interpret ethical statements not as objective
truths based on non-cognitivism and quasi-realism

602
Incorporate clinical frameworks into the Al system
604
Train the Al systems to recognize the multidimensional and
intersecting nature of social identities based on social identity
complexity theory 606
Assign nominal values to human virtues, vices and behaviors
analogous to chemicals in a chemical reaction
608
Generate a model representing interactions of various behaviors,
virtues and vices
610
Train the Al system to prioritize the values related to empathy,
compassion and respect for human dignity
612
Train the Al system to predict and understand irrational nature of
human behavior
614

FIG. 6
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Assign nominal value or symbols to each identified virtue or
vice
704
Determine interactions and relationships between each
value and symbols
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human behaviors using stoichiometry
708

FIG. 7
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ARTIFICIAL INTELLIGENCE FOR
REDUCING BIAS IN POLICING

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application claims the benefit of the filing date of
U.S. Provisional Patent Application No. 63/531,671 filed
Aug. 9, 2023, the disclosure of which is hereby incorporated
herein by reference.

BACKGROUND

Bias-based profiling relates to the use of an individual’s
race, ethnicity, national origin, sex, economic status, age,
disability, affiliation(s), or other perceived or actual charac-
teristics of an individual as the basis for law enforcement
action. Humans tend to be influenced by their biases, and it
is difficult for human brains to process information without
influence from these biases.

According to social identity theory, humans prefer those
they perceive as having the same characteristics as them-
selves over others having different characteristics. Social
identity theory proposes that people derive a sense of
self-esteem and self-worth from their membership in social
groups, and that they tend to favor and show greater loyalty
to those they perceive as being part of their own “in-group.”
This often leads to discrimination and prejudice towards
“out-groups” including people who are perceived as being
different than those in the in some way. Moreover, according
to confirmation bias theory, human brains tend to look for
information that supports one’s preconceptions or confirms
one’s existing belief and ideas. According to cognitive bias
theory, human brains are biologically designed to streamline
neurological processing to make sense of the world. Thus,
the human brain tends to rely on preconceived opinions,
which results in biased neurological processing. Such theo-
ries, though complex, make clear that human brains interpret
information in view of past experiences and preconceptions,
which makes it difficult to eliminate bias-based profiling
from law enforcement as it would require training law
enforcement officers to think and act in a way that goes
against their human nature.

BRIEF SUMMARY

Aspects of the disclosure are directed to developing and
using collaborative artificial intelligence (AI) systems in
policing that are focused on reducing bias. The computing
devices of the collaborative Al systems may train Al models
with data collected from various sources, such as studies,
research, papers, etc., from fields such as computer science,
neuroscience, psychology, sociology, anthropology, philoso-
phy, psychiatry, law enforcement. The Al models may be
trained with data input by law enforcement and ethical
experts, as well as data corresponding to past policing
events. The Al models may be further trained to identify
patterns and tendencies in human behaviors to predict
human behaviors in a variety of situations to intervene with
one or more actions of police officers. The collaborative Al
systems may refine and improve the Al models over time
using new and/or updated data to ensure that the actions
continue to reduce bias.

An aspect of the disclosure provides a system for reducing
bias in policing. The system includes one or more processors
and memory storing instructions that, when executed by the
one or more processors, cause the one or more processors to
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perform the instructions. The instructions comprise: receiv-
ing, from one or more sensors, input data; processing the
input data using a collaborative artificial intelligence (AI)
model; receiving, from the collaborative Al model, a rec-
ommended action for reducing a risk of biased policing; and
transmitting the recommended action to an output device of
a law enforcement officer.

Another aspect of the disclosure provides a method for
reducing bias in policing. The method comprises receiving,
by one or more processors, from one or more sensors, input
data; processing, by the one or more processors, the input
data using a collaborative artificial intelligence (Al) model;
receiving, by the one or more processors, from the collab-
orative Al model, a recommended action for reducing a risk
of biased policing; and transmitting, by the one or more
processors, the recommended action to an output device of
a law enforcement officer.

Yet another aspect of the disclosure provides a non-
transitory computer-readable medium storing instructions
executable by one or more processors for performing a
method of reducing bias in policing. The method comprises:
receiving from one or more sensors, input data; processing
the input data using a collaborative artificial intelligence
(AD) model; receiving, from the collaborative Al model, a
recommended action for reducing a risk of biased policing;
and transmitting the recommended action to an output
device of a law enforcement officer.

The above and other aspects of the disclosure can include
one or more of the following features. In some examples,
aspects of the disclosure provide for all of the following
features in combination.

In an example, the input data further includes one or more
of law enforcement reports comprising criminal records,
psychological reports, mental facilities reports, correction
facilities reports, or dispatch data.

In yet another example, the input data includes video data
and/or audio data, captured using the one or more sensors.

In yet another example, the one or more sensors include
temperature sensors, proximity sensors, accelerometers,
infra-red-light sensors, smoke, gas or alcohol sensors,
microphones, audio recorders, or video recorders.

In yet another example, processing the input data using a
collaborative artificial intelligence (Al) model includes gen-
erating objective representations of human characteristics of
the law enforcement officer.

In yet another example, the recommended action for
reducing the risk of biased policing includes obvious cues or
instructions transmitted in at least one of audio, video,
olfactory, haptic, or text format.

In yet another example, the output device of a law
enforcement officer comprises at least one of a headphone,
earbud, laptop, smartphone, olfactory device, or smart wear-
able.

In yet another example, the output device of a law
enforcement officer includes at least one of the one or more
Sensors.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1A is a block diagram of an example collaborative
Al system according to aspects of the disclosure.

FIG. 1B is an illustration of a scenario in which a law
enforcement officer conducts a traffic stop for a suspicious
traffic violation using the collaborative Al system according
to aspects of the disclosure.
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FIG. 2A is a block diagram illustrating an example
actionable insights generation process using Al models
according to aspects of the disclosure.

FIG. 2B is a block diagram illustrating an example
collaborative Al system receiving input data and outputting
output data according to aspects of the disclosure.

FIG. 3 is a block diagram illustrating an example auto-
matic speech recognition (ASR) intelligence system accord-
ing to aspects of the disclosure.

FIG. 4 is a flow diagram of an example process for
providing actionable insights to a law enforcement officer
using collaborative Al systems according to aspects of the
disclosure.

FIG. 5 is a flow diagram of an example process for
training the Al models for unbiased policing according to
aspects of the disclosure.

FIG. 6 is a flow diagram of an example process for
training Al models to understand human behavior according
to aspects of the disclosure.

FIG. 7 is a flow diagram of an example process for
training the Al models based on the characteristics of a law
enforcement officer according to aspects of the disclosure.

DETAILED DESCRIPTION

The technology generally relates to collaborative artificial
intelligence (Al) systems for reducing bias in policing. By
reducing biased behavior by law enforcement officers during
interactions, such as policing interactions, suspects and
others who interact with law enforcement officers may be
treated more equitably. The Al models may be trained to
generate cues and/or actionable insights for law enforcement
officers during interactions. In this regard, the Al models
may output cues or actionable insights to reduce the risk of
a biased action being performed by the officer or inform the
law enforcement officer of a biased action having been
taken. Such cues and actionable insights may be visual,
textual, audio, haptic, olfactory, etc.

Law enforcement officers may be trained to follow cues
and/or actionable insights provided by the Al models. As
such, law enforcement officers can follow the generated
actionable insights and/or cues to reduce or avoid the risk of
biased actions. For instance, when a law enforcement officer
receives a cue and/or actionable insight, the law enforcement
officer may take action to reduce the risk of bias or the risk
of further bias in response to the received cue. For instance,
Al models may output cues or actionable insights when bias
or the potential for bias is detected. The actionable insights
or cues output by the Al model and provided to the law
enforcement officer may make the law enforcement officer
aware of the bias or take action to prevent/stop the bias or
potential bias before and/or while engaging in interactions
with the suspects.

The Al models used by the collaborative Al system may
be trained with training data from various scientific fields
such as computer science, neuroscience, psychology, soci-
ology, anthropology, philosophy, and/or psychiatry. The
training data may, additionally, or alternatively, include
formal law enforcement reports, video and/or audio data
captured by a law enforcement officer’s body camera, or any
other sensors attached to the law enforcement officer or law
enforcement vehicle, data relating to prior, while or after
interactions with criminal suspects or offenders, etc. The
video and/or audio data may also include suspect 158’s
captured voice and behaviors while law enforcement officer
162 is engaging with suspect 158. The training data may also
include information received from a dispatcher, local law
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enforcement department and fire department, hospitals, clin-
ics, shelters, food kitchens, public transit, departments of
health, human services, social services, etc. The training
data may also include any data obtained from law enforce-
ment officers’ training simulations where law enforcement
officers may practice responding to imaginary suspects
based on the specifics of the situation without relying on
bias. The training data may further include any information
related to law enforcement officers such as psychiatric
evaluation, and questionnaires that can be received from
various authorities, which may be analyzed to identify
characteristics, tendencies, or preferences of the law
enforcement officer. The Al model may be trained using the
training data to identify similarities, patterns, tendencies,
and/or regularities in human behaviors which may indicate
the presence of bias.

The Al models may be trained to analyze interactions
between law enforcement officers and suspects to identify
the social identities, behavioral patterns, and/or characteris-
tics of the law enforcement officers, other first responders,
scene, and/or suspects.

The collaborative Al systems may be used by law
enforcement officers during policing interactions. In this
regard, the collaborative Al system may assist law enforce-
ment officers in reducing bias during interactions between
law enforcement officers and suspects, offenders, bystand-
ers, witnesses, victims, etc. Although the collaborative Al
systems are described herein as being used by law enforce-
ment officers, other first responders, such as social workers,
negotiators, etc., may also use some or all aspects of the
disclosure as described herein. For instance, paramedics
and/or firefighters arriving at a scene such as a fire may use
the collaborative Al system to reduce bias when interacting
with possible victims of the fire.

The collaborative Al systems may use sensors to continu-
ally observe interactions between the law enforcement offi-
cers and suspects to ensure that biased behavior by the law
enforcement officers is reduced or eliminated throughout the
duration of interactions. In this regard, the collaborative Al
systems may use the Al models to respond to behaviors,
including irrational and unpredictable behaviors, of the law
enforcement officers, suspects, and others at the scene in
real-time by continually processing new data as it is
received.

The collaborative Al systems and the Al models may be
continuously and repeatedly audited by experts to ascertain
that the outcome generated by the Al models is unbiased, not
oversimplifying or stereotyping the law enforcement officers
or suspects. The experts may include experts in various
scientific fields such as psychologist, sociologist, historians,
computer scientist, doctors, lawyers, scientists, etc. Auditing
may include supervising the training of the AI model or
providing feedback to the model based on cues and action-
able insights generated by the Al models during inference.
Such feedback may include information related to whether
the cues and/or actionable insights generated by the Al
models during training or inference were correct, partially
correct, incorrect, etc. In this regard, the feedback received
from the experts may be used as re-training data for the Al
models.

The computing devices of the collaborative Al systems
may iterate the retraining process for the Al models until
reaching an optimal stopping point. The optimal stopping
point may be determined using objective representations, to
maximize an expected level of unbiasedness and minimize
an expected cost using objective representations and
dynamic programming.
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FIG. 1A depicts a block diagram of an example collab-
orative Al system 100. The collaborative Al system illus-
trated in FIG. 1A includes server computing device(s) 104
and client computing device(s) 110, collectively referred to
herein as “computing devices.”

As shown in FIG. 1A, server computing device 104
includes one or more processors 106, memory 108, and
hardware accelerators 136. The processors 106 can include
one or more central processing units (CPUs), graphic pro-
cessing units (GPUs), field-programmable gate arrays (FP-
GAs), and/or application-specific integrated circuits
(ASICs).

The memory 108 can be a type of transitory or non-
transitory computer readable medium capable of storing
information accessible by the processors 106, such as vola-
tile and non-volatile memory. The memory 108 can store
information accessible by the processors 106, including
instructions 120 and data 122.

The instructions 120 can include one or more instructions
that, when executed by the processors 106, cause the one or
more processors to perform actions defined by the instruc-
tions 120. The instructions 120 can be stored in object code
format for direct processing by the processors 106, or in
other formats including interpretable scripts or collections of
independent source code modules that are interpreted on
demand or compiled in advance.

As further illustrated in FIG. 1A. the instructions 120
include one or more Al models 102, described herein. The
Al models 102 can be executed using the processors 106,
and/or using other processors remotely located from the
server computing device 104.

The data 122 can be retrieved, stored, or modified by the
processors 106 in accordance with the instructions 120. The
data 122 can be stored in computer registers, in a relational
or non-relational database as a table having a plurality of
different fields and records, or as JSON, YAML, proto, or
XML documents. The data 122 can also be formatted in a
computer-readable format such as, but not limited to, binary
values, ASCII, or Unicode. Moreover, the data 122 can
include information sufficient to identify relevant informa-
tion, such as numbers, descriptive text, proprietary codes,
pointers, references to data stored in other memories, includ-
ing other network locations, or information that is used by
a function to calculate relevant data. Data 122 may further
include training data to training Al models such as formal
law enforcement reports, video and/or audio data captured
by a law enforcement officer’s body camera, data relating to
prior interactions with criminal suspects or offenders, etc.
Data 122 may also include real-time data captured using a
variety of sensors attached to law enforcement bodies, law
enforcement vehicles, or any other surveillance systems
available at the time of the interactions between law enforce-
ment officers and suspects. Data 122 may further include
data sent by a dispatcher or any historical data about the law
enforcement officer and/or suspects. Data 122 may also
include metadata such as location data (e.g. latitude and/or
longitude) time data, sensor device data (e.g. make or model
information), etc, corresponding to when, where or how the
data 122 was captured by sensor(s) 138.

The one or more hardware accelerators 136 can be any
type of processor, such as a CPU, GPU, FPGA, or ASIC. The
server computing device 104 may also include hardware
accelerator 136 on which the Al models 102 may execute for
generating actionable insights and/or cues.

The client computing device 110 can be configured simi-
larly to the server computing device 104, with one or more
processors 124, memory 126, instructions 128, and data 130.
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Instructions 128 may include Al models 142, which may be
compared to Al models 102. The server computing device
104 and client computing device 110 can maintain a variety
of Al models. For example, the server computing device 104
can maintain different families for deploying Al models on
various types of processors/hardware accelerators for effi-
cient processing. Data 130 may include the same or different
data as data 122.

The client computing device 110 can also include a user
input 132 and a user output 134. The user input 132 can
include any mechanism for receiving input from a user, such
as a keyboard, mouse, mechanical actuators, soft actuators,
touchscreens, microphones, and sensors. The user output
134 can include one or more speakers, transducers or other
audio outputs, haptic interfaces, or other tactile feedback
devices that provide non-visual and non-audible information
to the user of the client computing device 110, displays,
and/or scent diffusers. In some instances, the user output 134
may output actionable insights and/or cues, such as action-
able insights or cues generated by Al models 136 and/or 146.

Although FIG. 1A illustrates the processors 106, 124,
hardware accelerators 136, 146, and the memory 108, 126 as
being within the same respective server and client comput-
ing devices 104, 110, such components may be distributed
across multiple servers and/or client devices. Accordingly,
references to such components will be understood to cover
possible implementations where a collection of components
and/computing devices may or may not operate in parallel.

Although a single server computing device 104 and client
computing device 110 are depicted in FIG. 1A, the collab-
orative Al system 100 can include a variety of different
configurations and quantities of computing devices. In some
examples, more than one server computing device 104 and
client computing device 110 may be communicable with one
another via a distributed network. Although each component
of'server computing device 104 and client computing device
110 is illustrated to be included within the box of server
computing device 104 and client computing device 110,
respectively, each component may be located within differ-
ent housings of computing devices. Each component,
although separately located, may communicate with one
another via a network.

The components of the collaborative Al system 100,
including server computing devices 104, client computing
devices 110, sensors 138, output devices 140, and storage
devices 114 may be capable of direct and indirect commu-
nication over network 118. In this regard, each component
may be considered a node on the network, with each node
capable of communication with another node via the net-
work 118.

The network 118 and intervening nodes described herein
can be interconnected using various protocols and systems,
such that the network can be part of the Internet, World Wide
Web, specific intranets, wide area networks, or local net-
works. The network 118 can utilize standard communica-
tions protocols, such as WiFi, Bluetooth, 4G, 5G, etc., that
are proprietary to one or more companies. Although certain
advantages are obtained when information is transmitted or
received as noted above, other aspects of the subject matter
described herein are not limited to any particular manner of
transmission. In some instances, protocols may include
messaging platforms such as NATs and/or MQTT.

In an example, the client computing devices 110 can
connect to a service of the server computing devices 104
through an Internet protocol. The server and client comput-
ing devices 104, 110 can set up listening sockets that may
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accept an initiating connection for sending and receiving
information over network 118.

The server computing device 104 and the client comput-
ing device 110 can also be connected over the network 118
to the one or more blockchains 116, which can store trans-
actions representing actionable insights generated by the Al
models 102, 142. The blockchains 116 can include a dis-
tributed database and/or ledger shared among the devices of
the collaborative Al system 100 for recording the actionable
insights. The blockchains 116 can be public blockchains
where the transactions may be read, written, and/or audited
by any user who joins and participates in the transactions
over the network 118.

As further shown in FIG. 1A, sensors 138, output devices
140, and storage media 114 may be communicable with
server computing device 104 and client computing device
142 via network 118.

The storage media 114 can be a combination of volatile
and non-volatile memory and can be at the same or different
physical locations than the server and client computing
devices 104, 110. The storage media 114 may store the input
data captured by sensor(s) 138. The storage media 114 may
store data 122 stored in memory 108 of server computing
device 104 and/or data 130 stored in memory 126 of client
computing device 110. The storage media 114 may also store
Al models 102 stored in memory 108 and Al models 142
stored in memory 126. For example, the storage devices 114
can include any type of transitory or non-transitory com-
puter-readable medium capable of storing information, such
as a hard-drive, solid state drive, tape drive, optical storage,
memory card, ROM, RAM, DVD, CD-ROM, write-capable,
and read-only memories. Client computing device 110 and/
or server computing devices

Sensors 138 may include temperature sensors, proximity
sensors, accelerometers, infra-red-light sensors, smoke, gas
or alcohol sensors, microphones, audio capture devices,
video sensors, still image sensors, lidar sensors, thermal
image sensors, surveillance cameras, etc. Sensors 138 may
capture data during, before, and/or after policing interac-
tions, such as when a law enforcement officer is interacting
with a suspect.

Output devices 140 may output actionable insights and/or
cues to law enforcement offers. In this regard, output devices
may include TV monitors, smartphones, smartwatches, ear-
buds, headphones, tablets, personal computers, speakers,
smart glasses, haptic devices, scent diffusers, etc. Although
the output devices 140 and sensors are shown as being
separate from the client computing device 110, in some
instances, output devices 140 and/or sensors 138 may be
incorporated into the client computing device 110 as part of
the output 134 and input 132, respectively. For instance, the
microphone of a smartphone may function as a sensor 138.
The display and/or speakers of the smartphone may operate
as the output device 140.

In operation, the server computing device 104 may
receive requests to monitor a policing interaction. Such
request may be provided upon a law enforcement officer
being dispatched to a scene by a dispatcher, the law enforce-
ment officer turning on a computing device and/or sensor,
the law enforcement officer or other sending a request via a
client computing device, such as client computing device
110, to the server computing device, etc. After receiving the
request to monitor a policing interaction, the server com-
puting device 104 may receive input data (described herein)
and provide the input data to the Al model 102. The Al
models 102 can receive the input data, and in response,
generate output data including actionable insights and/or
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cues. Such actionable insights and/or cues can be output to
the requesting device (e.g., client device).

FIG. 1B depicts a diagram illustrating an example use
case scenario at a scene where a law enforcement officer
conducts a policing interaction (e.g., traffic stop) for a traffic
violation using a collaborative Al system, such as collab-
orative Al system 100. In this example, law enforcement
officer 162 pulls over suspect 158. In this example, a sensing
device 154 is connected to a law enforcement vehicle 152
and law enforcement officer 162 is wearing a camera 172.
The sensing device 154 and camera 172 may correspond to
sensors 138 as depicted in FIG. 1A. Although only two
sensors, sensing device 154 and camera 172, are shown in
FIG. 1B, there may be any number of sensors that can be
connected to any number of law enforcement vehicles
and/or law enforcement officers. Moreover, although law
enforcement officer 162 is shown as wearing a camera and
law enforcement vehicle 152 is shown as having a sensing
device 154, the law enforcement officer and/or law enforce-
ment vehicle may wear or otherwise include different sen-
sors, or additional sensors.

Sensing device 154 may collect data related to law
enforcement officer 162 and suspect 158. Sensing device
154 may correspond to sensors 138 as depicted in FIG. 1A.
Sensing device 154 may additionally, or alternatively, cap-
ture data corresponding to the scene, such as imagery of
objects in the vicinity of the vehicle. Camera 172 may also
collect data related to law enforcement officer 162 and
suspect 158, as well as imagery of the scene.

Sensing device 154 and camera 172 may send data
captured during the policing interaction to computing device
156. In some instances, sensing device 154 and camera 172
may send data captured before and/or after the policing
interaction. Sensing device 154 may also capture data asso-
ciated with images, videos, sound, temperature, and/or
scents. In some examples, sensing device 154 and/or camera
172 may directly communicate with computing device 156
via network 176 without computing device 174. Sensing
device 154 may directly communicate with an officer device
such as law enforcement officer 162’s smartphone, tablet,
smartwatch, etc. via network 176.

Computing device 156 may be configured to execute one
or more Al models. Computing device 156 may be config-
ured to execute the one or more Al models to generate
actionable insights for law enforcement officer 162. 8.

Computing devices 156 may correspond to server com-
puting device 104 (or client computing device 110) as
depicted in FIG. 1A. Computing device 156 may provide
cues or actionable insight, provided by Al models, such as
Al models 102 and/or 142. In some examples, computing
device 156 may provide cues and actionable insights
together. Further, when computing device 156 is to generate
cues, it is to be understood that actionable insights can be
generated instead of cues. Cues may be generated instead of,
or in addition to, actionable insights. Cues may include
visual, verbal, haptic, olfactory, or sound signals which
provide an indication that bias may be occurring or likely to
occur. Actionable insights may include recommendations or
instructions for the law enforcement officer 162 to stop or
prevent biased actions or communications. Actionable
insights and cues can be provided to the law enforcement
officer to help reduce the amount of potential conflict when
engaging with suspects or change the course of interaction
or behaviors of the law enforcement officer to reduce bias.
In some instances, cues or actionable insights may be
provided to the law enforcement officer when the law
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enforcement officer does not follow or object to the action-
able insights or cues, respectively.

Computing device 174, which can correspond to client
computing device 110 of FIG. 1A may be connected to law
enforcement vehicle 152 or held or otherwise attached to
law enforcement officer 162. The computing device may
receive the data captured by sensing device 154 and/or
camera 172 and send the captured data to computing device
156 for processing by the Al model. Computing device 174
may communicate with computing device 156 via network
176 which may correspond to network 118 depicted in FIG.
1A. In some instances, sensors may transmit captured data
directly to computing device 156 via network 176.

Display 160 may be a display connected to law enforce-
ment vehicle 152 or a portable electronic device carried by
law enforcement officer 162, such as, a smartphone, smart-
watch, tablet, laptop, etc. Display 160 may correspond to
output device 140 depicted in FIG. 1A. Display 160 may
output actionable insights and/or cues to the law enforce-
ment officer 162. Although only one display is depicted in
FIG. 1B, there may be any number of displays connected to
law enforcement vehicle 152 and/or carried or otherwise
attached to law enforcement officer 162. Display 160 may
communicate with computing device 156 and/or computing
device 174 via network 176.

Law enforcement vehicle 152 can correspond to any type
of vehicle the law enforcement officer drives to perform the
law enforcement officer’s duty. In some instances, no law
enforcement vehicle may be present. Headphone 170 may
be one of the output devices 140 depicted in FIG. 1A.
Headphone 170 may receive actionable insights and/or cues,
such as generated by an Al model executing on computing
device 156 and output the actionable insights and/or cues to
the law enforcement officer 162.

Suspect 158 may be an individual with or without crimi-
nal history. Suspect 158 may be an individual pursued by
law enforcement officer 162 or an individual who is being
stopped by law enforcement officer 162.

During the policing scenario illustrated in FIG. 1B, sens-
ing device 154 and/or camera 172 may capture information
about suspect 158 and send the captured data to computing
device 156. Sensing device 154 and/or camera 172 may
capture behavioral information about suspect 158. For
example, sensing device 154 and/or camera 172 may record
video or audio information of suspect 158 while law
enforcement officer 162 is engaging with suspect 158.
Sensing device 154 may record suspect 158’s voice and film
the actions of the suspect 158, which may illustrate the
suspect’s demeanor. Sensing device 154 and/or camera 172
may also capture the voice and film the actions of law
enforcement officer 162, which may illustrate the law
enforcement officer’s demeanor.

Computing device 156 may receive the above information
and apply the Al models to the data captured and provided
by the sensors and generate actionable insights and/or cues
for law enforcement officer 162. In some instances, the Al
model may process data received from a dispatcher, or any
other input data, as described herein.

Cues and/or actionable insights generated by the Al model
may be generated particular to a law enforcement officer’s
personal trait. For instance, if law enforcement officer 162 is
sensitive to scents, cues may include outputting certain
scents indicating that when law enforcement officer 162’s
actions are or are likely to start being biased. In this
example, an olfactory device such as a scent diffuser may be
connected to law enforcement vehicle 152 and/or law
enforcement officer 162 such that a scent the law enforce-
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ment officer finds repugnant is output when a cue or action-
able insight is received from the AI model. In some
instances, computing device 156 may activate the scent
diffuser when a cue or actionable insight is received from a
computing device executing the Al model, such as comput-
ing device 156. In another example, if law enforcement
officer 162 is sensitive to certain sounds or voices, cues may
be output to the law enforcement officer 162 using such
sounds or voices via earphones or headphones 170 or other
such output devices to indicate that law enforcement officer
162’s behaviors or speech is biased or may become biased.

Computing device 156 may generate actionable insights
in the form of verbal, written, and/or visual instructions that
may help reduce the conflict between law enforcement
officer 162 and suspect 158. Such guidance may be trans-
mitted to law enforcement vehicle 152. Law enforcement
vehicle 152 may send the actionable insights to be displayed
on a display 160 such that law enforcement officer 162 may
read or listen to them prior to initiating an interaction with
suspect 158. Law enforcement officer 162 may use other
devices such as earphones or headphone 170 to receive the
actionable insights instead of, or in addition to, any other
visual instructions.

Computing device 156 may determine the identity of
suspect 158, which may include the emotional and behav-
ioral characteristics of suspect 158 based on the data
received from sensing device 154. Computing device 156
may similarly detect the emotional and behavioral charac-
teristics of law enforcement officer 162 based on the cap-
tured data using sensing device 154. Such information may
be provided to the Al model for processing.

Law enforcement officer 162’s action and the reaction of
suspect 158 during the interaction may be monitored and
recorded by sensing device 154. The captured data may be
sent and computing device 156 may use the data to validate
the Al model that was generated before the current interac-
tion between law enforcement officer 172 and suspect 158 as
illustrated in FIG. 1B. The Al model that was generated
before the current interaction may include the Al model
trained with the outcome data of the simulated training
session designed to improve law enforcement officer’s unbi-
ased decision-making processes. Human experts may assist
in determining the generated model is biased or unbiased
relative to real-world observations. Human experts may
provide feedback to computing device 156 and computing
device 156 may update and refine the model to improve
using the data captured during the interaction. This refined
model can allow the model to improve, remaining accurate
and unbiased in similar situations in the future.

When law enforcement officer 162 is not interacting with
suspect 158 or law enforcement officer 162 is participating
in a training process, computing device 156 may assist law
enforcement officer 162 in the unbiased decision-making
training process. Law enforcement officer 162’s heart rate
and physiological markers of stress may be monitored and
used to formulate a mindfulness exercise program for law
enforcement officer 162 to reduce the likelihood of biased
decision-making in stressful situations. In some examples,
computing device 156 may include a law enforcement
officer 162’s personal electronic devices such as tablets,
smartphones, or PC, and the above-described process can be
processed using the Al model stored on the personal elec-
tronic devices. Any results obtained from the above training
process may be provided to the Al models and the Al models
may be retrained to further refine the unbiasedness of the
actionable insights.
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FIG. 2A depicts a flow diagram of an example actionable
insights generation process using Al models. Computing
device 290 corresponding to server computing device 104 or
client computing device 110 receives input data. The input
data may include training data 204 and/or inference data
206.

The computing device 290 can receive the input data 202
as part of a call to an application programming interface
(API). As another example, the computing device 290 can
receive the input data 202 from a storage medium, such as
remote storage 114 connected to one or more computing
devices over the network as depicted in FIG. 1A. As yet
another example, the computing device 290 can receive the
input data 202 from a user interface on a client computing
device.

The input data 202 can correspond to real-time data
streams of publicly available data and/or proprietary data.
For example, the input data 202 can include training data
204 associated with training one or more Al models and
inference data associated with providing actionable insights.
Input data 202 may include formal law enforcement reports,
video and/or audio data captured by a law enforcement
officer’s body camera, data relating to prior interactions with
criminal suspects or offenders, etc. Input data 202 may also
include real-time data captured using a variety of sensors
attached to law enforcement bodies, law enforcement
vehicles, or any other surveillance systems available at the
time of the interactions between law enforcement officers
and suspects. As described herein in connection with FIG.
1B, input data 202 may also include captured video or audio
information of suspect 158 while law enforcement officer
162 is engaging with suspect 158. Input data may also
include suspect 158’s captured voice and behaviors.

In some examples, input data 202 may include informa-
tion that can be sent from a dispatcher or policing database.
Such input data may include information that related
authorities knowingly and willingly offer for specific pur-
poses. Any individuals known to the local law enforcement
department and law enforcement officers, fire department,
hospitals, clinics, shelters, food kitchen, public transit,
departments of health, human services, social services, etc.,
can consent to provide related data that can serve as training
data 204 for training Al models.

The computing device 290 may train Al models with
training data 204. The training data 204 may include input
data 202 comprising captured video or audio information of
suspect 158 while law enforcement officer 162 is engaging
with suspect 158. Input data 202 may also include suspect
158’s captured voice and behaviors. The training data 204
can be split into a training set, a validation set, and/or a
testing set. An example training/validation/testing split can
be an 80/10/10 split, although any other split may be
possible.

The trained Al models may then generate output data 210
as a set of computer-readable instructions, such as one or
more computer programs. Output data 210 may be for-
warded to one or more other computing devices configured
for translating the output data 210 into an executable pro-
gram written in a computer programming language and
optionally as part of a framework for providing actionable
insights. The Al models may generate objective insight data
214 as part of output data 210 using inference data 206.
Objective insight data 214 may include actionable insight.
The inference data 206 may include publicly available data
and/or proprietary data associated with law enforcement
officer 162 and suspect 158. Inference data 206 may include
data sent by a dispatcher or data obtained by the sensing
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device 154 and/or camera 172. Inference data 206 may be
used to generate actionable insights or cues. For example,
inference data 206 can include data corresponding to the
interaction between law enforcement officer 162 and suspect
158, and historical data such as information about suspect
158. Inference data 206 may include any historical data
related to law enforcement officer 162 and suspect 158
stored in a database. For example, inference data 206 may
include any historical data indicating the use of verbal or
behavioral violence committed by law enforcement officer
162 while conducting traffic stops in the past. Inference data
206 may also include any stored data relating to suspect 158
such as criminal records, psychological reports, mental
facilities report, and correction facilities reports. The infer-
ence data 206 can further include physiological data of the
law enforcement officer, such as heart rate or body tempera-
ture, measured by sensors to assist the Al models. For
example, the Al models may receive the law enforcement
officer 162’s physiological data and generate actionable
insights or cues based on the physiological data. If law
enforcement officer 162°s heart rate indicates a stressful
situation, the Al models may generate cues to avoid a biased
action for law enforcement officer 162 such that law enforce-
ment officer 162 may avoid threatening or taking physical
action against suspect 158 without reason. Such cues may be
provided to law enforcement officer 162 more quickly than
the law enforcement officer 162’s heart rate was lower or
slowing down.

The Al models may generate actionable insights in the
form of action guides, e.g., verbal or visual instructions or
guides, to avoid or reduce conflict between law enforcement
officers and criminal suspects. For example, the actionable
insights may include cues to associate with a trained
response or instructions for law enforcement officers con-
fronting a formal offender on the street while patrolling the
neighborhood or as described in connection with FIG. 1B
during a traffic stop. The cues or actionable insights may
include signals or commands output on the personal device
of the law enforcement officer. In the example of FIG. 1B,
display 160 may display the verbal or visual instructions or
cues. For example, display 160 may include law enforce-
ment officer 162’s mobile phone. Law enforcement officer
162’s mobile phone may display “Do not stand too close to
suspect 158 since suspect 158 may be carrying a weapon
based on the historical record”. Such a statement may be
displayed using text or read using a voice output system. The
Al models can also be configured to send the actionable
insights to a storage device for storage and later retrieval.
The AI models can be trained to send the output data for
display, such as on a display of a client device.

The computing device 290 may use the actionable
insights as retraining data 212. Retraining data 212 may be
used to improve the outputs of the Al models. The retraining
data 212 may also include. For example, feedback for
improving training of the one or more Al models. The
feedback can be provided by law enforcement officers who
have confronted a criminal suspect and resolved a potential
conflict using the actionable insights generated by the Al
models. The retraining data 212 may also include any
feedback provided by the law enforcement officer after
confronting and arresting criminal suspects. Such feedback
may include detailed answers to a questionnaire generated
by one or more Al models. The retraining data 212 may also
include, as described in connection with FIG. 1B, any test
results or feedback provided by the law enforcement officers
after completing Al simulations. The retraining data 212 can
correspond to improving output for one or more Al tasks for
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providing one or more actionable insights. The retraining
data 212 can be split into a retraining set, a revalidating set,
and/or a retesting set. An example, the retraining/revalida-
tion/retesting split can be an 80/10/10 split, although any
other split may be possible.

According to some examples, the Al models can be
trained or retrained according to one of a variety of different
learning techniques. Learning techniques for training the Al
model can include supervised learning, unsupervised learn-
ing, semi-supervised learning techniques, parameter-effi-
cient techniques, and/or reinforcement learning techniques.
For example, the training data and/or retraining data can
include multiple training examples that can be received as
input by the Al model. The training examples can be labeled
with a desired output for the Al model when processing the
labeled training examples. The label and the output can be
evaluated through a loss function to determine an error,
which can be backpropagated through the Al model to
update weights for the Al model. As another example, a
supervised learning technique can be applied to calculate an
error between outputs, with a ground-truth label of a training
example processed by the Al model. Any of a variety of loss
or error functions appropriate for the type of task for which
the Al model is being trained can be utilized, such as
cross-entropy loss for classification tasks or mean square
error for regression tasks. The gradient of the error with
respect to the different weights of the candidate Al model on
candidate hardware can be calculated, for example using a
backpropagation model, and the weights for the Al model
can be updated. The Al model can be trained until stopping
criteria are met, such as a number of iterations for training,
a maximum period of time, a convergence, or when a
minimum accuracy threshold is met.

The one or more Al models can include machine learning
models, statistical models, propensity scoring models,
regression discontinuity models, potential outcomes models,
quasiperiodic models, fractal models, and/or large language
models, such as neural networks or deep neural networks,
which can all be used in combination or in part for output-
ting recommended actions. The computing device can use
the one or more Al models to output actionable insights
based on comparisons to historical situations. The one or
more Al models can include any machine learning model
architecture, which may refer to characteristics defining the
Al model, such as characteristics of layers for the model,
how the layers process input, or how the layers interact with
one another. The architecture of the machine learning model
can also define the types of operations performed within
each layer.

The computing device 290 can further use the one or more
Al models to identify social identities and behavioral char-
acteristics of each individual and determine human values
associated with each identified social identity and behavioral
characteristic of each individual. For example, the Al mod-
els may be trained to infer human characteristics such as
kindness, generosity, humility, greed, prejudice, and hatred
and assign symbols or numbers to represent each inferred
human characteristic. The Al models may be adapted to the
principle of stoichiometry to define and represent the enti-
ties” social identities in a more complex but unbiased
manner. For example, the Al models may determine that
kindness*2+humility*2=generosity using stoichiometry.
Once the Al models determine that an individual possesses
the traits of kindness in the magnitude of 2 and humility in
the magnitude of 2, the Al model may add “generosity” to
the identity of the entity.

10

15

20

25

30

35

40

45

50

55

60

14

According to other examples, the computing device 290
may generate realistic training simulations where law
enforcement officers may practice responding to suspects
based on the specifics of the situation without relying on
bias. The computing device 290 may train the Al models to
randomize the appearance and behaviors of the virtual
suspects involved and allow law enforcement officers to
experience a variety of interactions with different parties.
The computing device 290 using Al models may monitor the
law enforcement officers’ performances in a variety of
simulations and generate detailed and objective feedback on
the law enforcement officers’ performances. Such feedback
may be provided to the law enforcement officers such that
the law enforcement officers may understand when and how
the biases might have influenced law enforcement officers’
actions.

The computing device 290 may analyze the law enforce-
ment officers’ decisions and actions during the simulated
scenario and highlight the instances where the law enforce-
ment officers may have been influenced by bias. The com-
puting device 290 may break down the law enforcement
officers’ decision-making processes, such as reaction times
and communication styles. The computing device 290 may
use the above data as retraining data and send the data to
train the Al models. The virtual training can be ongoing
allowing for continuous improvement. Human experts can
provide feedback on the result of the virtual training. The
computing device 290 may train the Al models to adapt to
the law enforcement officers’ progress and provide more
challenging scenarios as the law enforcement officers’ unbi-
ased performance levels improve and continually reinforce
the importance of unbiased decision-making. The more
complex and nuanced virtual scenarios may include situa-
tions that are designed to challenge the law enforcement
officers’ improved skills and ensure that the law enforce-
ment officers can apply what the law enforcement officers
have learned in a variety of contexts.

FIG. 2B depicts a block diagram illustrating an example
collaborative Al system with example input and output. The
computing device of collaborative Al system 200 may
receive input data 202. Input data 202 may include audio
226, text 228, and image 230. Audio 226 may include any
audio data captured when a law enforcement officer con-
fronts and questions suspects. For example, audio 226 may
include any conversation reactions or sounds made by both
law enforcement officers and suspects. Audio 226 may
include call recordings, meeting recordings, and media
recordings (e.g., TV, radio, podcast, etc.). Text 228 may
include the suspect’s vehicle license number, the suspect’s
driver’s license number, the law enforcement officer’s badge
number, etc. Text 228 may include emails, documents, chat
messages, etc. Image 230 may include photographs or video
filmed using body cameras or any other types of sensors
attached to law enforcement officer’s vehicles. Image 230
may include photographs, videos, video stills, 3D signals,
and any other visual data captured by sensors. As illustrated
in FIG. 1B, sensing device 154 or law enforcement officer
162’s electronic device may capture the image of text 228.
Audio 226 and image 230 may also be captured using
sensing device 154. Audio 226, text 228, and image 230 may
be analyzed by collaborative Al System 200. Collaborative
Al system 200 may analyze audio 226, text 228, and image
230 to train Al models and generate actionable insights as
output data 210.

As described in detail in connection with FIG. 2A, a
computing device 290, which may be compared to server
computing device 104 and/or client computing device 110)
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may train the Al models to learn reactions between the law
enforcement officer and suspect based on audio 226, text
228, and image 230. The computing device 290 may gen-
erate actionable insights for law enforcement officer 162 in
real-time to follow as law enforcement officer 162 continues
the questioning or investigation as output data 210. The
computing device which trains the Al model need not be the
same computing device that executes the Al model.

Output data 210 may include audio 236, haptic 238,
image 240, or text 242. Collaborative Al system 200 may
generate text 242 corresponding to the above-described
actionable insights. Audio 236 may include a machine-based
voice system that reads the generated text 242 via a speaker
system such as law enforcement officer 162 may listen using
a variety of electronic devices, such as car stereo systems,
mobile phones, tablets, laptops, smartwatches, headphones,
earbuds, etc. Haptic 238 may include a sense of touch by
creating a combination of force vibration and motion sen-
sation to the user using various electronic devices. Law
enforcement officer 162°s vehicle may include a prompt
system that may display sentences using different colors
according to the importance of the message. Image 240 may
include a video that demonstrates how law enforcement
officer 162 should approach and interact with suspect 158.
Image 240 may include a closed captioning system that may
explain the image being displayed. Image 240 may be
transmitted to law enforcement officer 162’s personal elec-
tronic devices or any other displaying devices attached to
law enforcement vehicle 152.

FIG. 3 depicts a block diagram illustrating an example
intelligent system for automatic speech recognition (ASR).
ASR intelligence system 302 may include infrastructure
service module 304, speech analysis module 308, and
speech recognition module 314. Infrastructure service mod-
ule 304 may include inference API 306. Inference API 306
may include an application programming interface special-
ized for receiving data and generating inference data for
specialized purposes. For example, ASR intelligence system
302 may detect the speech of law enforcement officer 162
and suspect 158 using devices such as microphones. ASR
intelligence system 302 may use the detected speech infor-
mation as speech input data for further analysis as described
in more detail below. ASR intelligence system 302 can
receive the speech input as part of a call to an application
programming interface (API) as described in connection
with FIG. 1A. Inference API 306 may be configured to only
discern relevant speech parts from any other background
noise or speech made by any person other than law enforce-
ment officer 162 or suspect 158. Speech analysis module 308
may use audio intelligence 310 to redact personal informa-
tion or confidential information related to law enforcement
officer 162. Audio intelligence 310 may also moderate the
content of the speech input. Context or topics of the con-
versations between law enforcement officer 162 and suspect
158 may be sorted out and grouped together according to the
common themes, topics, or relevancies. The sentiment of
law enforcement officer 162 and suspect 158 may be deter-
mined. Audio intelligence 310 may use an Al model to
determine whether law enforcement office 112 is emotion-
ally aggravated or calm when questioning suspect 158.
Audio intelligence 310 may also determine the emotional
state of suspect 158 from the discerned speech information
spoken by suspect 158.

Language modeling software 312 may refer to software
such as the software developed to analyze large text collec-
tions of data and support research and development of
information retrieval and text mining software. It is to be
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appreciated that any other software that can leverage a large
language model (LLM) with spoken and written data may be
used to understand and assist in determining speech topics,
sentiment analysis, and tone and/or emotions detection.

Speech recognition module 314 may recognize or discern
features 316. Features 316 may include custom vocabulary
spoken by law enforcement officers, speaker labels (e.g.,
labeling law enforcement officer 162, suspect 158), detected
profanity, and timestamps of the keywords spoken by law
enforcement officer 162 and/or suspect 158. Features 316
may also include confidence scores of identified labels,
profanity, keywords, and custom vocabulary. Features 316
may also include custom formatting of language or styles of
speech spoken by law enforcement officer 162 and/or sus-
pect 158.

ASR model 318 may refer to software that may automati-
cally transcribe the speech input that ASR intelligent system
302 receives. ASR model 318 may use a pre-configured
language model that can help evaluate speech input. ASR
model 318 may receive speech input and find the most likely
sequence of the text that could result in the given audio. ASR
models 318 may generate the transcription of the conversa-
tions between law enforcement officer 162 and suspect 158
with appropriate labels of each person and send it to col-
laborative Al system 200 as text 228. ASR models 318 may
also be used to confirm whether the identified speakers of the
speech input are truly law enforcement officer 162 and
suspect 158.

FIG. 4 depicts a flow diagram of an example process 400
for providing actionable insights to a law enforcement
officer using the collaborative Al systems. According to
block 402, information of a crime suspect may be captured
by a first responder or a law enforcement vehicle. Sensors
such as sensing device(s) 154 described above in connection
with FIG. 1B may capture audio, video, or image informa-
tion of a criminal suspect or formal offender. The captured
data may be transmitted to the computing device connected
to a law enforcement vehicle or a server computing device.
The sensing device may be communicable with the com-
puting device and may automatically determine whether an
individual is actually a criminal suspect based on the cap-
tured facial image and voice information. The sensors may
continue to capture audio or video data and transmit the data
to the server computing device as the first responder inter-
acts with the individual.

According to block 404, the captured data may be trans-
mitted to train the Al models. The captured image or other
types of data may be analyzed by the AI models. The
computing devices may include pre-trained Al models that
may be used for analysis and comparison with the captured
data.

According to block 406, the computing device may train
the Al models with the captured image to determine action-
able insights for the first responder. The actionable insights
may be determined based on the behaviors and conversa-
tions between the individual and first responder when the
sensing device was capturing the video data.

According to block 408, the computing device may train
the Al models to generate unbiased actionable insights. The
Al models may compare the captured data with historical
data of similar profiles or criminal data related to the same
individual.

According to block 410, the generated actionable insights
may be displayed on a device held by the first responder or
on a display device equipped within the law enforcement
vehicle. The first responder may receive the actionable
insights displayed on a computer screen equipped within the
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law enforcement vehicle or any other electrical device such
as a smartphone, tablet, smartwatch, etc.

FIG. 5 depicts a flow diagram of an example process 500
for training the Al models for unbiased policing. Process 500
can be performed on a system of one or more computers in
one or more locations, such as server computing device 104
and/or client computing device 110 as depicted in FIG. 1A.
According to block 502, the collaborative Al systems may
gather empirical data on human behaviors. The computing
device may collect data from various fields such as computer
science, neuroscience, psychology, sociology, anthropology,
philosophy, and/or psychiatry. In one example, the comput-
ing device may provide a variety of simulated examples of
interactions between law enforcement officer 162 and sus-
pect 158 from FIG. 1B. The computing device may train the
Al models with information as to the law enforcement
officer 162’s past traumatic experiences to predict the behav-
iors of law enforcement officer 162 when law enforcement
officer 162 stops suspect 158 for investigation. According to
block 504, the computing device may train the Al models
with the collected data to identify patterns, tendencies, and
regularities in human behavior. Similarities and connections
across different disciplines can be identified to determine
potential universal principles. The Al models may be trained
with various frameworks. Example frameworks may include
social identity complexity (SIC) and Bayesian affect control
(BAC). The computing device may train the Al models to
identify the social identities and psychological dynamics at
play to provide interventions that can address both interper-
sonal and group-level factors that contribute to potential
conflict. The Al models may be trained to predict potential
conflict that can arise out of the interaction between law
enforcement officer 162 and suspect 158. For example, the
potential conflicts may include suspect 158’s attempts to
escape the scene, law enforcement officer 162’°s biased belief
in suspect 158’s possessing deadly weapons, despising or
derogatory statements that law enforcement officers may
assert, etc. The computing device may train the Al models
to predict patterns and tendencies of the interactions
between law enforcement officer 162 and suspect 158.

The computing device may train the Al models to trans-
late the identified patterns and tendencies into objective
representations using the axiomatic set policies. These poli-
cies can be implemented with quasi-realism and non-cog-
nitivism to program an unbiased Al model. Quasi-realism
holds a position that reality is not purely objective or
subjective, but rather a combination of both. Non-cognitiv-
ism may define that ethical statements are not truth-apt or
cognitive, but rather expressions of moral attitudes or emo-
tions. The computing device may implement the Al models
with AST, quasi-realism, and non-cognitivism to provide a
framework for programming an Al model that is able to
navigate complex ethical situations. Each objective repre-
sentation may include variables and coefficients. Variables
may represent law enforcement officer 162 and suspect
158’s human traits such as virtues or vices. Coefficients may
be determined by the computing device based on the analy-
sis of the collected historical and empirical data. The coef-
ficients may represent the weights of each identified human
trait with respect to law enforcement officer 162 and suspect
158.

According to block 506, the computing device may train
the Al models with chemistry policies that have been used
to understand the behavior of molecules and their interac-
tions, such as stoichiometry and/or stereochemistry. Accord-
ing to some examples, the computing device may train the
Al models by applying grand observer policies to draw
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parallels between human behavior and particle behavior in
the context of stoichiometry and stereochemistry. The grand
observer policies may refer to a framework that the behavior
of particles and objects in the physical world is influenced by
the presence of an observer. Similarly, quorum sensing and
heuristic matching, concepts used in mycology and social
identity complexity, respectively, can be provided to the Al
models f. By integrating the above principles, the computing
device may train the Al models to develop a comprehensive
framework for understanding the complex human behaviors
of law enforcement officer 162 and suspect 158. The com-
puting device may train the Al models with stoichiometry
and stereochemistry to balance the coefficients of each
identified human trait of law enforcement officer 162 and
suspect 158 which is objectively represented at block 504.

According to block 508, the Al models may be pro-
grammed to implement objective representations and mod-
els. For example, Bayesian flow network (BFN) may be
used to generate a probabilistic graphical model to represent
the reason for uncertainty in complex systems. The machine
learning models may be used to repair or mitigate the effects
of bias in machine learning models. For example, a high-
performing messaging platform such as NATs and/or MQTT
can be used to process real-time data and transmit the
real-time data to the Al model for further analysis. For
example, as law enforcement officer 162 and suspect 158 are
dialoguing, the Al models may update in real-time the
coeflicients of the objective representations to eliminate any
potential bias.

According to block 510, the underlying assumptions of
the Al models may be tested and validated. The predictions
of the Al models may be compared with real-world obser-
vations and empirical evidence. For example, the computing
device may train the Al models to generate hypotheses about
relationships between virtues, vices, and forms of human
behavior, such as “individuals who possess the virtue of
compassion are more likely to engage in altruistic behavior”.
The computing device may train the Al models to convert
the above hypothesis to objective equations. The computing
device may train the Al models to test the hypothesis against
real-world observations and empirical evidence. For
example, the above objective model may be developed to
predict the likelihood of an individual engaging in altruistic
behavior based on the level of compassion. In the example
involving law enforcement officer 162 and suspect 158, the
computing device may train the Al models to determine the
level of compassion possessed by law enforcement officer
162 and predict the likelihood of law enforcement officer
162 engaging in stopping and investigating suspect 158 in a
non-violent or peaceful manner.

The Al models may be validated by comparing the
prediction with real-world observations and empirical evi-
dence. For example, further studies of the relationship
between compassion and altruistic behavior can be con-
ducted and used to further refine the Al model and improve
its accuracy. The processes of hypothesis generation, objec-
tive modeling, and model validation using non-cognitivism,
quasi-realisms, and empirical evidence can be repeated with
each cycle refining and improving the Al models. Moreover,
the computing device may train the Al model to monitor the
dialogues between the law enforcement officers and suspects
to validate the pre-generated prediction in real time. In the
above example involving law enforcement officer 162 and
suspect 158, the predicted non-violent or peaceful manner of
interaction between law enforcement officer 162 and suspect
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158 can be continually validated based on the dialogue or
demeanors of law enforcement officer 162 and suspect 158
captured in real-time.

According to block 512, the computing device may refine
and improve the Al models. By iterating the processes and
further refining the Al model, a more nuanced and accurate
understanding of the relationships between virtues, vices,
and human behaviors can be accomplished. The computing
device may train the Al models to apply the objective
representations in specific contexts and populations with
shared parameters to define behavioral constants within
limits of applicability. Individual differences, cultural
norms, and social context may be considered to enhance the
predictability and usefulness of the objective representa-
tions. According to some examples, the computing device
may train the Al models to improve the objective represen-
tations using personal historical data, ethnicity, age, other
social information such as family size, and demographic
information relating to law enforcement officer 162 and
suspect 158.

FIG. 6 depicts a flow diagram of an example process 600
for training Al models to understand human behavior. The
example process can be performed on a system of one or
more computing devices in one or more locations. Accord-
ing to block 602, the computing device may train the Al
models to interpret ethical statements without inferring
objective truths adopting non-cognitivism and quasi-real-
ism. For example, the computing device may train the Al
models with a person’s behaviors, utterances, and/or con-
versations with other persons and discover terms relating to
human characteristics. The computing device may configure
the sensors to continuously monitor the law enforcement
officer’s daily behavior, utterances, demeanors, work docu-
ments, such as reports written by the law enforcement
officer, etc., and train the Al models to identify the human
traits such as virtues or vices. For example, the computing
device may train the Al models to determine whether law
enforcement officer 162’s level of compassion, integrity,
selflessness, etc. The computing devices may train the Al
models to avoid overly simplifying or stereotyping the traits
of law enforcement officer 162 by retraining the Al models
with retraining data.

According to block 604, clinical frameworks may be
incorporated into the Al models. A framework such as a
diagnostic and statistical manual (DSM) may be used to
provide a useful structure for the Al models to understand
certain aspects of human behaviors. DSM may refer to a
manual to diagnose mental disorders. The computing device
may also train the Al models to understand the limitations of
the above framework so as not to constrain individuals into
rigid mental categories. The computing device may train the
Al models to adopt a fundamental methodology of classi-
fying each mental disorder according to the DSM and
expand the classifications to entail various human traits or
behaviors that fall outside of the DSM categories. The
computing devices may also train the Al models with a
broad range of data from the above multiple perspectives to
gain a holistic understanding of human issues while respect-
ing individual differences and avoiding the reinforcement of
harmful stereotypes or biases. The computing device may
further continually train the Al models to collect a suffi-
ciently diverse and representative dataset that encompasses
a broad range of perspectives on a societal issue while
incorporating research studies and government reporting.
The computing device can train the Al models to pre-process
any data, ensure the data is normalized based on the diag-
nostics that humans design in a way that the Al models can
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understand, and then continuously learn once the systems
have been initially trained using machine learning tech-
niques.

Post-processing and interpretation using various tech-
niques such as natural language processing and sentiment
analysis may be used to interpret the Al model’s output in
the context of human language and emotions. The Al
model’s numerical predictions may be converted into
descriptive statements and mapped to human-understand-
able concepts. Various mechanisms may be implemented for
ongoing ethical oversight of the Al models that involve
regular audits of the system’s performance and behaviors as
well as a feedback loop that allows users to report any
problems or concerns. For the computing device to train the
Al models to generate unbiased actionable insights in an
unpredictable set of circumstances, the Al models need to be
trained with datasets based on a pan-disciplinary approach
including expertise in various fields such as psychology,
sociology, mathematics, probability, statistics, chemistry,
computer science, ethics, and design.

According to block 606, the computing device may train
the Al models to recognize the multidimensional and inter-
secting nature of the social identity of each entity. The
computing device may train the Al models to categorize the
identities of each entity into multiple categories based on
various attributes such as ethnicity, gender, age, clothes an
individual wears, cars an individual drives, the individual’s
patterns in consuming media, certain goods, products, etc.
For example, the above social identity may be inferred from
the ongoing monitoring of law enforcement officer 162 and
such social identity may be used to update the determined
human traits of law enforcement officer 162.

According to block 608, nominal values or symbols may
be assigned to human virtues, vices, and behaviors. The
computing device may train the Al model to identify a
number of virtues or vices that exist in human behaviors. For
example, a set of core virtues may be identified based on
philosophical and religious traditions, including prudence,
temperance, courage, justice, etc. Vices may be found in
human behaviors. Vices may be moral failings or objection-
able behavior such as greed, gluttony, lust, etc. The com-
puting device may assign symbols or numbers to represent
each of the above virtues or vices such that the computing
device may train the Al system to objectively evaluate an
entity’s statement or behaviors by assigning the above
symbols and numbers and by adjusting, e.g., adding, sub-
tracting, multiplying, and/or dividing the numbers. As a
result, a unique set of identities may be assigned to the
entity’s identity.

According to block 610, the computing device may train
the Al models to generate an objective representation rep-
resenting the interactions of various human traits using
stoichiometry. Stoichiometry may involve balancing the
reactions or interactions of different behaviors, virtues, and
vices which may be balanced using quadratic equations.
Such quadratic equations may be used to model and graph
the above interactions, providing a visual representation of
interactions between two or more entities. For example, the
computing device may train the Al model to determine the
human traits of both law enforcement officer 162 and suspect
158 and generate an objective model representing the pre-
dicted interaction of those human traits. For example, the
computing device may train the Al model to assign weights
or coeflicients for each identified human trait. If the weight
assigned to the compassion level of law enforcement officer
162 is low relative to the cruelty level of suspect 158, the
computing device may train the Al model to identify and
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include additional virtues found in law enforcement officer
162’s characteristics and balance the quadratic equations.
The balanced quadratic equations may be used to provide
actionable insights or guidance for law enforcement officer
162 to counteract the high cruelty level of suspect 158 such
that the amount of predicted conflict between law enforce-
ment officer 162 and suspect 158 may be reduced to below
a predetermined threshold level.

According to block 612, the computing device may train
the Al models to prioritize the values related to positive
human characteristics, such as empathy, compassion, and
respect for human dignity. The Al models may be trained
using data that reflects the values related to empathy, com-
passion, and respect for human dignity. Such data may
include stories or excerpts from history, fiction, media
assets, other types of artworks, etc. The computing device
may train the Al models to prioritize the above values over
other virtues or vices described in block 610. For example,
when the computing device may train the Al models to
generate protocols or actionable insights for law enforce-
ment officer 162 to follow, the computing devices may train
the Al models to generate such protocols or actionable
insights to promote empathy, compassion, and respect for
human dignity. Such actionable insights may include
“Approach gently to suspect 158, and “End the sentence
with sir/ma'am”. “Use positive words as opposed to negative
words”, etc. Each sentence within the guides may be supple-
mented with more detailed examples of the use of particular
words according to various situations.

According to block 614, the computing device may train
the Al models to predict the irrational nature of human
behaviors. The computing device may train the Al models
with the data related to human irrational behaviors such as
behavioral economics and cognitive psychology to under-
stand and predict the often-irrational nature of human behav-
iors. The computing device may train the Al models to be
adapted to behavioral economics or cognitive psychology to
analyze any input data the computing device newly receives
and dynamically generate objection insight data. In the
example involving law enforcement officer 162 and suspect
158, the computing device may train the Al models to
provide actionable insights for law enforcement officer 162
to effectively react to any irrational behaviors of suspect 158
predicted by the computing device.

FIG. 7 depicts a flow diagram of an example process 700
for training the Al model based on the characteristics of a
law enforcement officer. The example process 700 can be
performed by one or more computing devices in one or more
locations. According to block 702, the computing device
may receive a variety of information related to a law
enforcement officer and a suspect. For example, psychiatric
evaluation, questionnaires can be received from various
authorities. Such information may be analyzed to identify
characteristics, tendencies, or preferences of the law
enforcement officer and suspect. The identified characteris-
tics, tendencies, or preference information may be used to
train the Al models. The Al models may be trained to
generate an objective representation of the interaction of the
characteristics, tendencies or preferences of the law enforce-
ment officer and the characteristics, tendencies, or prefer-
ences of the suspect. The objective representation may be
represented using various symbols and numbers.

According to block 704, the computing device may train
the Al models to assign nominal values or symbols to each
identified characteristic, tendency, or preference. For
example, the number “1” or the alphabet “w” may be
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“gluttony”. By assigning the numbers or symbols to the
characteristics, tendencies or preferences, the computing
device may train the Al models to regard characteristics,
tendencies, or preferences as abstract symbols or numbers.

According to block 706, the computing device may train
the Al models to determine interactions and relationships
between each value and symbol using stoichiometry. Each
symbol and number may be treated as chemicals in a
chemical equation. Such an equation may be used to model
a unique relationship between various characteristics, ten-
dencies, or preferences. For example, the computing device
may train the Al models with a stereochemistry framework
to represent interpersonal relationship dynamics between a
law enforcement officer and a criminal suspect. The com-
puting device may train the Al models to describe unique
interactions between two or more different symbolically
transformed characteristics, tendencies, or preferences.

According to block 708, the computing device may train
the Al models to generate a structural representation of
characteristics, tendencies or preferences using stoichiom-
etry. The computing device may train the Al models to
express unique interactions of two or more different char-
acteristics, tendencies, or preferences using stoichiometry.
Stoichiometry may be used to express quantitative relation-
ships between two or more different characteristics, tenden-
cies, or preferences. Stereochemistry, on the other hand, may
be used to describe a particular arrangement of different
characteristics, tendencies, or preferences.

Aspects of this disclosure can be implemented in digital
circuits, computer-readable storage media, as one or more
computer programs, or a combination of one or more of the
foregoing. The computer-readable storage media can be
non-transitory, e.g., as one or more instructions executable
by a cloud computing platform and stored on a tangible
storage device.

The phrase “configured to” is used in different contexts
related to computer systems, hardware, or part of a computer
program. When a system is said to be configured to perform
one or more operations, this means that the system has
appropriate software, firmware, and/or hardware installed on
the system that, when in operation, causes the system to
perform the one or more operations. When some hardware
is said to be configured to perform one or more operations,
this means that the hardware includes one or more circuits
that, when in operation, receive input and generate output
according to the input and corresponding to the one or more
operations. When a computer program is said to be config-
ured to perform one or more operations, this means that the
computer program includes one or more program instruc-
tions, that when executed by one or more computers, causes
the one or more computers to perform the one or more
operations.

Unless otherwise stated, the foregoing alternative
examples are not mutually exclusive, but may be imple-
mented in various combinations to achieve unique advan-
tages. As these and other variations and combinations of the
features discussed above can be utilized without departing
from the subject matter defined by the claims, the foregoing
description of the embodiments should be taken by way of
illustration rather than by way of limitation of the subject
matter defined by the claims. In addition, the provision of the
examples described herein, as well as clauses phrased as
“such as”, “including” and the like, should not be interpreted
as limiting the subject matter of the claims to the specific
examples; rather, the examples are intended to illustrate only
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one of many possible embodiments. Further, the same
reference numbers in different drawings can identify the
same or similar elements.

The invention claimed is:

1. A system for reducing bias in a policing interaction
comprising:

one or more processors;

memory storing instructions that, when executed by the

one or more processors, cause the one or more proces-

sors to perform the instructions, the instructions com-

prising:

receiving, from one or more sensors, input data related
to a law enforcement officer and a third party;

inputting, the input data into a collaborative artificial
intelligence (Al) model, the Al model being that is
iteratively trained to detect a risk of biased policing
at a scene of the policing interaction based on one or
more of characteristics, tendencies, or preferences of
the law enforcement officer and one or more of
historical policing data associated with the law
enforcement officer or simulations of policing activi-
ties performed by the law enforcement officer;

receiving, from the Al model in response to the Al
model determining a behavior of the law enforce-
ment officer is indicative of a risk of biased policing
based on the input data, a recommended action for
reducing the risk of biased policing at the scene of
the policing interaction based on the determined
behavior of the law enforcement officer that is
indicative of the risk of biased policing, the recom-
mended action being personalized for the law
enforcement officer; and

transmitting a signal indicating the recommended
action to an output device of the law enforcement
officer.

2. The system of claim 1, wherein additional input data is
input into the Al model, the additional input data including
one or more of law enforcement reports comprising criminal
records, psychological reports, mental facilities report, cor-
rection facilities reports, or dispatch data.

3. The system of claim 1, wherein the input data includes
video data and/or audio data, captured using the one or more
sensors.

4. The system of claim 1, wherein the one or more sensors
include temperature sensors, proximity sensors, accelerom-
eters, infra-red-light sensors, smoke detectors, gas detectors,
alcohol sensors, microphones, audio recorders, and/or video
recorders.

5. The system of claim 1, wherein the Al model is further
iteratively trained to generate an objective representation of
one or more human characteristics of the law enforcement
officer.

6. The system of claim 1, wherein the signal indicating the
recommended action for reducing the risk of biased policing
includes cues or instructions transmitted in at least one of
audio, video, olfactory, haptic, or text format.

7. The system of claim 1, wherein the output device of a
law enforcement officer comprises at least one of a head-
phone, earbud, laptop, smartphone, olfactory device, smart
wearable, or at least one of the one or more sensors.

8. The system of claim 1, wherein the behavior of the law
enforcement officer indicative of the risk of biased policing
is determined based on an action performed by the law
enforcement officer and/or a use of language by the law
enforcement officer.

9. A method for reducing bias in a policing interaction
comprising:
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receiving, by one or more processors, from one or more
sensors, input data related to a law enforcement officer
and a third party;

inputting, by the one or more processors, the input data

into a collaborative artificial intelligence (AI) model,
the Al model being iteratively trained to detect a risk of
biased policing at a scene of the policing interaction
based on one or more of characteristics, tendencies, or
preferences of the law enforcement officer and one or
more of historical policing data associated with the law
enforcement officer or simulations of policing activities
performed by the law enforcement officer;

receiving, by the one or more processors from the Al

model in response to the Al model determining a
behavior of the law enforcement officer is indicative of
a risk of biased policing based on the input data, a
recommended action for reducing the risk of biased
policing at the scene of the policing interaction based
on the determined behavior of the law enforcement
officer that is indicative of the risk of biased policing,
the recommended action being personalized for the law
enforcement officer; and

transmitting, by the one or more processors, the recom-

mended action to an output device of the law enforce-
ment officer.
10. The method of claim 9, wherein additional input data
is input into the Al model, the additional input data including
one or more of law enforcement reports comprising criminal
records, psychological reports, mental facilities report, cor-
rection facilities reports, or dispatch data.
11. The method of claim 9, wherein the input data
includes video data and/or audio data, captured using the one
Of MOore sensors.
12. The method of claim 9, wherein the one or more
sensors include temperature sensors, proximity sensors,
accelerometers, infra-red-light sensors, smoke detectors, gas
detectors, alcohol sensors, microphones, audio recorders,
and/or video recorders.
13. The method of claim 9, wherein the Al model is
further iteratively trained to generate an objective represen-
tation of one or more human characteristics of the law
enforcement officer.
14. The method of claim 9, wherein the recommended
action for reducing the risk of biased policing is provided via
a signal including cues or instructions transmitted in at least
one of audio, video, olfactory, haptic, or text format.
15. The method of claim 9, wherein the output device of
a law enforcement officer comprises at least one of a
headphone, earbud, laptop, smartphone, scent device, smart
wearable, or at least one of the one or more sensors.
16. The method of claim 9, wherein the behavior of the
law enforcement officer indicative of the risk of biased
policing is determined based on an action performed by the
law enforcement officer and/or a use of language by the law
enforcement officer.
17. A non-transitory computer-readable medium storing
instructions executable by one or more processors for per-
forming a method of reducing bias in a policing interaction,
the method comprising:
receiving from one or more sensors, input data related to
a law enforcement officer and a third party;

inputting the input data into a collaborative artificial
intelligence (AI) model, the Al model being iteratively
trained to detect a risk of biased policing at a scene of
the policing interaction based on one or more of
characteristics, tendencies, or preferences of the law
enforcement officer and one or more of historical
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policing data associated with the law enforcement
officer or simulations of policing activities performed
by the law enforcement officer;

receiving, from the Al model in response to the Al model

determining, a behavior of the law enforcement officer 5
is indicative of a risk of biased policing based on the
input data, a recommended action for reducing the risk

of biased policing at the scene of the policing interac-
tion based on the determined behavior of the law
enforcement officer that is indicative of the risk of 10
biased policing, the recommended action being person-
alized for the law enforcement officer; and

transmitting the recommended action to an output device

of the law enforcement officer.

18. The non-transitory computer-readable medium of 15
claim 17, wherein additional input data is input into the Al
model, the additional input data including one or more of
law enforcement reports comprising criminal records, psy-
chological reports, mental facilities report, correction facili-
ties reports, or dispatch data. 20

19. The non-transitory computer-readable medium of
claim 17, wherein the input data includes video data and/or
audio data, captured using the one or more sensors.

20. The non-transitory computer-readable medium of
claim 17, wherein the one or more sensors include tempera- 25
ture sensors, proximity sensors, accelerometers, infra-red-
light sensors, smoke detectors, gas detectors, alcohol sen-
sors, microphones, audio recorders, and/or video recorders.
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